For the body vibration signals of human behavior from wireless sensor networks, although the random noise is expected to combine with the signals, it has no effect on the signals' features. Only the transient noise has a great effect on the signals' features. Here x is a testing signal, y is a measured signal, N i is a noise level and δ is transient noise. The big absolute value of Ni is corresponding to the impulsive noise. This model assumes that the noise appears at time τ , not periodically and continuously but sparsely. Besides, the noise does not obey statistical rules, different from the noise in the model mentioned by Donoho that is in Gaussian distribution. But on the other hand, the noise has an obvious feature that its appearance produces big oscillations within the stationary signals.
Based on the new proposed model of noise removal, wavelet transformation is employed to recognize the noise in the time domain due to its advantages in processing non-stationary signals. Actually, through the wavelet decomposition of the vibration signals at each scale, the coefficients of different values exactly indicate the positions of transient noise in the signals, which provide us a good knowledge to remove noise.
Because the coefficients corresponding to noise are much greater than the other values corresponding to the testing signals, we can process the big values in the scale domain to remove noise and extract signal features. The algorithm is to set thresholds for the coefficients. The coefficients whose absolute value is bigger than the threshold are set to the threshold. Those whose absolute value is lower than the threshold are all left as they are. In this algorithm the decision of coefficients is completely opposite to the hard thresholding mentioned by Donoho, because they are based on the different models of noise removal. Fig. 2 illustrates the processing operation of the algorithm.
The body vibration signals are selected as the testing source data to verify our proposed model of noise removal and thresholding algorithm. We first make wavelet decomposition of the original signal to obtain its wavelet and scale coefficients, then change the coefficients values using the thresholding algorithm and finally make wavelet reconstruction to obtain the new signal without noise. In the case of foot vibration signals during continuous activities from walking to running (see Fig.1 ), the result of removing noise using the proposed method is shown in Fig. 3 . The testing results indicate that the proposed method is efficient in term of the body vibration in wireless sensor networks and feasible in practice. 
Non-member
In this paper we present a novel model of noise removal for the human body vibration signals in wireless sensor networks, which assumes which assumes that the noise appears not continuously or periodically but sparsely and it is the summary of some transient signals at discrete time. Furthermore, on the base of the model a new algorithm is developed which takes advantages of wavelet transforms to remove the noise by the method of processing scale functions coefficients at each level. A wavelet block is designed to implement the function of the proposed method. The results of the simulation and experiments indicate that the new algorithm has removed the noise of the signals successfully in the case of both human's one discrete action and continuous activities.
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Introduction
The technology of human activity recognition is widely researched in varieties of monitoring systems such as safe monitor system, health care system and so on, for the reason that a person's behavior can reflects one's status and surrounding environment. Most researches in this field are on the base of the obtained images, which are complex to be processed and calculated. Actually, Human body motion is the movement of the body's parts or components, such as the upper and the lower limbs (1) . Each component of the human activity, such as walking, standing up and so on, can be indicated using body vibration signals. In this case, we use wireless sensor modules Ni3 (2) with accelerometers to sample and transmit one dimensional vibration signals of the body's parts. It is obvious that one dimension signal processing is less complex than two or three dimensional signal processing. The vibration signals sensed using accelerometers and transmitted using wireless sensor networks during human normal movement could be used to develop a useful tool for monitoring and screening human behaviors. However, random noise is expected to combine with body vibration signals. In particular, the transient noise with big energy in the time domain submerges some useful body vibration signals, which makes it difficult to recognize human activity. In order to analyze the signals and to remove the noise, wavelet transformation as a non-stationary and multi-component signal analysis tool is employed. Typically wavelet based methods proceed in three stages, of which the first is wavelet decomposition, the second involves some forms of processing operation on the wavelet coefficients, and the final stage is wavelet reconstruction. Among these processes, at the intermediate stage, a variety of processing methods have been employed.
In this paper, according to the body vibration signals characteristics, we develop a new model of noise removal, on the base of which, a novel approach is proposed removing transient noise of the body vibration signals to recognize human activity.
In this paper, according to the body vibration signals characteristics, we develop a new model of noise removal, on the base of which, a novel approach is proposed removing transient noise of the body vibration signals to recognize human activity. Section 2 introduces some related work. The proposed method of noise reduction is depicted in Section 3. Section 4 describes the simulation. The function block of the method is introduced in Section 5. Some experimental results are discussed in Section 6.
Related Work
Human body vibration data is sensed using accelerometers that are placed in the position of chest, waist, legs and feet to monitor the vibrating condition of the body's parts during human activities such as walking, running, standing and so forth. These data are transmitted using wireless sensor modules Ni3 that communicates between sensors and PCs (3) . According to the features of Ni3, the output from the sensor node is 8-bit data that ranges from 0 to 255, which is an important parameter during signal processing. Fig. 1 shows the system's modules.
Proposed Method

Model of Noise Removal
The most widely known methods of noise removal using wavelet transformation are based on thresholding techniques and derive largely from the early work (4) , in which both coefficients are distinguished using a selected threshold. One kind of coefficients is deemed to arise from features of the signal and the other is deemed to arise from noise. Among the coefficients, those whose absolute value is below the threshold are set to zero. Those whose absolute value is above the threshold are either left as they are (hard thresholding) or are removed in magnitude (soft thresholding). 
Here, x is a recovery signal, y is a measured signal, ε is a noise level and z is a unit energy noise process, which assumes that noise is distributed with the signal in the whole time domain. In our study of this paper, however, although the random noise is expected to combine with the signals, it has no effect on the signals' features. Only the transient noise with large energy has a great effect on the signals' features due to its large energy submerging some original signals. The plots s in Fig. 3 show hip and chest vibration signals with transient noise respectively. As the plot s shown in Fig. 3(a) and Fig. 3(b) , during either one discrete action (running) or continuous activities (from walking to running), the big peaks deemed to arise from transient noise affect the signals' smoothness and original features greatly although they are sparse in the time domain. This strong interference makes it very difficult to obtain body vibration signals exactly. That is, the noise has to be removed from the vibration signals.
Therefore, we propose a new model of noise removal adaptive for our signal characteristics. The model is represented as the following equation: Here x is a recovery signal, y is a measured signal, and i is an integer such as 1, 2, 3, i τ indicates the time that noise is generated. (2), the second item is the sum of impulsive noise at different time. The big absolute value of N i is corresponding to the impulsive noise. This model assumes that the noise is impulsive noise which appears at time i τ , not periodically and continuously but sparsely. Besides, the noise does not obey statistical rules, different from the noise in the model mentioned by Donoho that is in Gaussian distribution. But on the other hand, the noise has an obvious feature that its appearance produces big oscillations within the stationary signals.
Thresholding Algorithm
Based on the new proposed model of noise removal, wavelet transformation is employed to recognize the noise in the time domain due to its advantages in processing non-stationary signals. Actually, through the wavelet decomposition of the vibration signals at each level, the scale coefficients of different values exactly indicate the positions of transient noise in the signals, which provide us a good knowledge to remove noise. Fig. 3 displays wavelet decomposition at five levels.
The wavelet transform formulas given by equation (3) provide a time-frequency description. ϕ is much broader. As a result, the wavelet transform is able to "zoom in" on very short-lived high frequency phenomena, such as transients in signals (or singularities in functions or integral kernels). The details can refer to (7) . The fast discrete wavelet transform uses 2-based transform and it has time-frequency characteristics so that the transformed results: approximation is low-half-frequency part and detail is high-half-frequency part of signals. The details can refer to (7) . The impulsive noises explored in this paper can also be regarded as transients in signals so that wavelet transform is used to analyze the signals. Considering the sampling frequency is 1 KHz, the frequency band of detail at level 1 ranges from 500 Hz to 1 KHz, the approximation ranges from 0 to 500Hz. Similarly, at level 2 the detail ranges from 250 Hz to 500 Hz and the approximation ranges from 0 to 250 Hz. At level 3, the detail ranges from 125 Hz to 250 Hz. At level 4 the detail ranges from 62.5 Hz to 125 Hz. The samples explored are human body vibration signals that are low-frequency signals. Therefore, according to the characteristics of human body vibration signals when movements, it is assumed that the signals whose frequency is less than 100 Hz are not impulsive noise which is to be removed from original signals. The impulsive noises can also be regarded as transients in signals so that wavelet transform is used to analyze the signals. Wavelet db5 is used to make wavelet transformation.
In Fig.3 , plots s show the original signals of hip vibration as running and chest vibration from walking to running. Plots from d1 to d5 are the obtained details by wavelet transformation, which represent the scale coefficients. According to the equation (3), d1 is the detail which is the reconstructed signal based on the scale coefficients at level 1. Similarly, d2, d3, d4, and d5 are respectively the details at level 2, 3, 4 and 5. In the process of one discrete action whose vibration signal is shown in Fig. 3(a) , the big values in plots d1, d2 and d3, which are related scale coefficients at different levels after wavelet decomposition, indicate the position of transient noise in original signal. Furthermore, during continuous activity period as shown in Fig.  3(b) , the transient noise can still be indicated using the scale coefficients, which is illustrated in plots d1 and d2.
Because the absolute values of scale coefficients corresponding to noise are much greater than the other values corresponding to the testing signals, we can process the big values in the scale (5) domain to remove noise and extract signal features. The algorithm is to set thresholds for the coefficients. The coefficients whose absolute value is bigger than the threshold are set to the threshold. Those whose absolute value is lower than the threshold are all left as they are. In this algorithm the decision of coefficients is completely opposite to the hard thresholding mentioned by Donoho, because they are based on the different models of noise removal. Fig. 4 illustrates the processing operation of the algorithm, where the threshold is experience value or obtained by some statistical methods. The test in the following section verifies the correction of our new method for the study in this paper.
Simulation
The body vibration signals are selected as the testing source data, which includes chest, foot and hip vibration signals during one discrete action and continuous activity such as walking, running and so forth. The new method and the old one are both used to process the same signals to obtain different results, which indicate that the new method has advantages in removing the noise of body vibration signals from wireless sensor networks.
The samples are 8-bit data so their values range from 0 to 255. Fig.2 gives two examples of wavelet decomposition. In term of new shrinkage algorithm, based on many tests, an experience value 50 is selected as the threshold absolute for coefficients of details at level 1, 2, and 3. That is, the coefficients above 50 are set to be 50 and the one lower than -50 are set to be -50. In contrast, there are many soft or hard threshold algorithms for the old method such as SURE, MINMAX and so on. For comparison, the same experience value is used as a threshold of the old method.
We first take sine wave for an example. It is assumed that the recovery signal is given by 5(b) shows the recovery signal obtained using the new method. Generally, we use root mean square error (RMSE) to evaluate the results of noise reduction, which is a measure of how closely a data set matches the actual world. According to the RMSE calculating equation given by ( )
The RMSE of the sine wave with impulsive noise shown in Fig.5 (a) RMSE a is 13.6; and the RMSE of the noise-reduction signal shown in Fig.5(b) RMSE b is 5.3 that is greatly decreased. There are many thresholding algorithms for the old method, such as HEURSURE based on Stein's Unbiased Estimate of Risk and fixed-form threshold and MINIMAX that yield min&max performance for mean square error against an ideal procedure. The same experience threshold is also used for the old method. The table below shows their RMSE values respectively. In view of the results, it is indicated that the new method of removing noise is effective.
Function Block Design
Traditionally, signal processing algorithms are implemented using a fully custom hardware. The design process using such devices and the design methodology related to them can be both time and money consuming. Therefore, we design a function block to implement the proposed algorithm for noise reduction.
Wavelet transforms are generally implemented by means of a structure known as a Filter Bank (8) (9) . It consists of a low pass filter and a high pass filter combined with either decimation by a factor of 2 (analysis) or an interpolation by a factor of 2 (synthesis). The forward discrete wavelet transform (FDWT) is a signal decomposes the original signal by means of a hierarchy of wavelet signals obtained through a multistage signal decomposition process (8) (9) . The transformed signal is thus generated by a repetition of filtered signals using down sampling by a factor of 2 (decimation), and inversely, the data in the synthesis step is up-sampled before being processed by means of a high pass and a low pass filters. Figure 6 shows typical 3-stage 1-D wavelet analysis and synthesis structures, based on which the architecture of two-line adder time-interleaved FDWT is used for noise reduction. This architecture can be used as well for implementing the IDWT. More details can be found in (10) (11) . Figure 7 shows the architecture of FDWT and the detail coefficients shrinkage. An overflow limiter is used to shrink the high pass filter decimated output and the limit is the threshold.
Experiments and Its Evaluation
Some experiments are also conducted to verify the new method. In the case of one discrete action such as running, the hip vibration signal (see Fig. 3(a) ) with the transient noise produced in the transmitting process is removed using two methods respectively. Fig.8 . shows the results after removing noise. Obviously, the new method not only removes the noise but also keeps the characteristics of the original signals which provide a good knowledge for human activity recognition. In contrast, the old method not only does not remove the noise as well as the new one, but also does not keep the signal's characteristics because the signal is smoothed.
The new method is also efficient to remove the noise of the signal of continuous activity. Fig. 9 shows the result of noise removal of chest vibration signal as the movement changes from walking to running. The original signal with noise is shown in Fig.  3(b) . Fig. 9(b) shows the signal with noise removed using the old method. Through comparing the results using both methods, it is shown that the new method is still more efficient than the old one in the case of remove the noise of the vibration signals of continuous activity. Fig. 10 shows another case of continuous activity, composed of the foot vibration signal with noise, the signal with noise removed using the new method and that using the old method.
Although the new method is developed based on the new model of noise removal, it has no effect on the signals without the noise assumed in the new model. Fig. 11 shows the waist vibration signal without the noise as running and the processed signal using the new method of noise removal. The signal has its original features after removing noise, which makes it possible to remove the noise of the real-time signals. Because real-time signals are dynamic and the position of noise in the time domain can not be predictable, the method of noise removal has to be adaptive for either the signal based-on the model of noise removal or the signal without noise. The testing results indicate that the proposed Based on the results shown in from Fig.8 to Fig.11 , the evaluating parameter RMSE is calculated. Table2 shows the comparing results. S is the original signal with noise; S new is the signal obtained using the new method; S old is the signal obtained using the old method. The results indicate that the new method is an efficient one for the body vibration signals from sensor module Ni3.
Conclusion
According to the characteristics of the collected body vibration data using wireless sensor modules Ni3, we have presented a new model of noise removal, which assumes that the signal is composed of the real signal and sparse transient noise that is not periodic and does not obey statistic rules. This model is summarized as a formula ) ( Fig. 4 . By comparing it with the similar algorithm stemmed from the work of Donoho in the experiments, it is concluded that our proposed method is more efficient in the case of the body's parts vibration signals. It is verified that our proposed method can remove the noise successfully by testing varieties of source data. With the development of wireless sensor networks and human activity recognition, the presented method in this paper has the potential in the connection of the both fields. 
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